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Recent reports using single-cell profiling have indicated a remarkably dynamic view of pluripotent
stem cell identity. Here, we argue that the pluripotent state is not well defined at the single-cell level
but rather is a statistical property of stem cell populations, amenable to analysis using the tools of
statistical mechanics and information theory.Pluripotent stem cells (PSCs) are able to
self-renew indefinitely in culture and pro-
duce all embryonic cell lineages in vivo.
Experimentally, pluripotency is assessed
using a variety of functional criteria
including the ability to differentiate to all
three germ layers in vitro and form tera-
tomas in vivo and, in mice, the ability to
contribute substantially to development
when introduced into embryos (Martı´
et al., 2013). These assays reliably dis-
tinguish functionally pluripotent from
nonpluripotent cell populations and are
essential to stem cell research. However,
it is notable that they do not generally
assess the potency of individual stem
cells, but rather the regenerative potential
of stem cell derived populations. For
homogeneous populations, in which all
cells are qualitatively the same, the infer-
ence of single-cell identity from popu-
lation behavior is reasonable. However,
for heterogeneous populations in which
qualitatively different subpopulations of
cells coexist, the validity of this inference
is not clear. Here, we will argue that this
distinction is critical and that appropri-
ately defined variability is an essential
feature of pluripotent cell populations,
reflective of the latent potential of individ-
ual PSCs to rapidly increase cellular diver-
sity during early development in vivo.
Recent studies using high-throughput
single-cell gene expression profiling
have uncovered a surprising degree of
cell-to-cell variability within apparently
functionally homogeneous PSC popula-
tions. In particular, a number PSC identity
regulators including key transcription
factors such as Nanog, Rex1, and Klf4
have been found to exhibit significant484 Cell 154, August 1, 2013 ª2013 Elsevierexpression level variability within single
cells (Canham et al., 2010; Chambers
et al., 2007; Hayashi et al., 2008; Kalmar
et al., 2009; Kobayashi et al., 2009;
MacArthur et al., 2012; Macfarlan et al.,
2012; Niwa et al., 2009; Singh et al., 2007;
Toyooka et al., 2008; Trott et al., 2012;
Zalzman et al., 2010). Interestingly, these
variations do not simply define distinct
static subpopulations. Rather, intracel-
lular expression fluctuations appear to
give rise to a state of ‘‘dynamic equilib-
rium’’ in which individual cells transit sto-
chastically between distinct metastable
states yet the overall structure of the
population remains stable (Hayashi
et al., 2008). Because individual cells
interconvert between distinct metastable
states, this extraordinary dynamic vari-
ability can endow stem cell populations
with remarkable robustness to perturba-
tion—for instance, temporary deletion of
any particular subpopulation—and may
therefore be a significant functional prop-
erty of PSC communities (Chambers
et al., 2007; Silva and Smith, 2008).
Although PSC population variability
may be decreased in vitro using defined
culture conditions (for instance, in which
Mek and Gsk3b activity are selectively
inhibited; conditions thought to more
faithfully mimic the in vivo environment
of the inner cell mass) (Macfarlan et al.,
2012; Marks et al., 2012; Miyanari and
Torres-Padilla, 2012), it is nevertheless
thought to have physiological importance
in the in vivo developmental program
(Hayashi et al., 2008). For example,
the homeodomain transcription factor
Nanog, one of the most widely studied
yet still incompletely understood regula-Inc.tors of pluripotency (Chambers et al.,
2003; Chambers et al., 2007; Mitsui
et al., 2003; Silva et al., 2009), has been
observed to exhibit large, apparently
stochastic, temporal fluctuations in
expression within individual Oct4 positive
embryonic stem cells (ESCs) (Chambers
et al., 2007; Kalmar et al., 2009; Miyanari
and Torres-Padilla, 2012). These fluctua-
tions apparently temporarily sensitize in-
dividual ESCs to differentiation-inducing
signals, transiently priming them for
differentiation without marking definitive
commitment. Expression variations of
other pluripotency markers such as
Rex1 (Toyooka et al., 2008) and Stella
(Hayashi et al., 2008) as well as lineage
regulators such as Hex (Canham et al.,
2010) and Hes1 (Kobayashi et al., 2009)
have similarly been observed to confer
transient lineage biases to PSC subpopu-
lations. These fluctuations may be impor-
tant because collectively they combine
to allow the entire population to respond
appropriately to a wide variety of persis-
tent environmental signals while avoid-
ing premature lineage commitment in
response to transitory stimuli (Graf and
Stadtfeld, 2008). However, the origin and
ultimate biological significance of such
fluctuations are currently unclear (see
Note Added in Proof).
Taken together, these reports indicate
a remarkably dynamic view in which indi-
vidual stem cells are apparently not
closely regulated, yet well-defined and
robust population-level behavior emerges
from stochastic dynamics at the single-
cell level (Silva and Smith, 2008). This
interdependence of the population and
the individual cell levels is reminiscent of
statistical mechanics, one of the most
successful and powerful theories in mod-
ern physics.
Statistical Mechanics
Statistical mechanics was largely devel-
oped around the turn of the 20th century
by some of the great physicists of that
time (Maxwell, Boltzmann, Planck, etc.).
It provides a formal framework that relates
macroscopic bulk properties of matter,
or macrostates (such as temperature,
pressure, etc.), to the stochastic kinetics
of the microscopic elements (atoms and
molecules) of which matter is composed
(Pathria, 1996). For instance, an early
result from the kinetic theory of gasses
(a forerunner of modern statistical me-
chanics) demonstrated that the pressure
of an ideal gas in a closed container is
due to the collective impact of its con-
stitutive molecules with the walls of the
container, depending on the average
kinetic energy of the molecules. By
contrast, the detailed description of all
the molecules in the gas at any instant
(i.e., their instantaneous positions and
momenta) is an example of a microstate.
Because pressure only depends upon
average properties of the collection of
gas molecules, there are clearly very
many different molecular arrangements
that give rise to the same pressure and,
in general, numerous different inter-
changeable microstates may realize the
same macrostate.
This distinction between microstates
and macrostates is informative when
considering pluripotency. The standard
(albeit often implicit) view, based upon
population expression profiling, is that
pluripotency can, in principle, be associ-
ated with a unique, static, molecular pro-
file (Ivanova et al., 2002; Ramalho-Santos
et al., 2002). This approach has proven to
be remarkably successful at dissecting
the molecular circuitry of pluripotency
(Jaenisch and Young, 2008). However,
recent observations of dynamic variability
of single cells within PSC populations
indicate that a more nuanced per-
spective, which distinguishes between
pluripotency as a molecular state and
pluripotency as a function, is required
(Blau et al., 2001; Cahan and Daley,
2013). These reports indicate that the
pluripotent state is not unique but rather
appears to be analogous to a cellularmacrostate, compatible with a wide
variety of interchangeable molecular
microstates (patterns of gene/protein
expression). In this view, individual cells
within the population independently
explore a variety of different expression
states, in a manner regulated both by
genetic regulatory and signaling networks
and intrinsic gene/protein expression
noise (Paulsson, 2004). This continual
dynamic exploration transiently primes
each individual cell to respond to range
of different differentiation-inducing stim-
uli, depending upon its instantaneous
molecular state. Such dynamic variability
at the single-cell level naturally gives rise
to a diverse population that is continually
able to rapidly respond to a range of
environmental signals. Thus, in this
perspective, while population structure is
robustly maintained, there is no unique
pluripotent state at the single-cell level.
Rather, functional pluripotency emerges
spontaneously from the dynamic vari-
ability intrinsic to the pluripotent state.
Here, we will explore this idea, and its
consequences, further and consider the
ways in which tools from statistical
mechanics, as well as related methods
from information theory, may be used to
better understand the molecular and
cellular basis of pluripotency.
Connecting Dynamic Variability
with Population Diversity
Protein and mRNA expression are inher-
ently stochastic processes regulated by
complex transcriptional, epigenetic, and
signaling networks (Paulsson, 2004).
The collective action of these multiple
interacting mechanisms can give rise to
robust cell-cell variability within a popu-
lation in complex ways that are difficult
to understand using experiment and
intuition alone. However, mathematical
models and methods can help dissect
this complexity (Liberali and Pelkmans,
2012).
In order to investigate cell-cell vari-
ability quantitatively it is useful to consider
the probability mass function p(x), which
denotes the likelihood of finding a cell at
position x = [x1, x2, . xn] at equilibrium,
where the vector x enumerates the copy
numbers of all the mRNAs/proteins of
interest (estimating p(x) from single-cell
data and extensions to the nonequilibrium
case present challenges that we will notCell 1consider here; we assume for simplicity
that p(x) is accurately known). We will
refer to the set of all possible mRNA/pro-
tein expression patterns as the state
space. Theoretically, if there exists a
unique equilibrium distribution p(x), to
which every initial condition converges
sufficiently rapidly, then the underlying
stochastic process is said to be ergodic
and each cell in the population will inde-
pendently explore the same patterns of
expression within the state space in
accordance with p(x). In this case the
population is intrinsically robust to tar-
geted removal of any particular subpopu-
lation because the remaining cells in the
population will eventually ‘‘recolonize’’
(in state space) the removed subpopula-
tion and reconstitute the equilibrium dis-
tribution p(x). Similar reconstitution has
been experimentally observed with
respect to a number of key PSC markers,
including Nanog (Chambers et al., 2007;
Kalmar et al., 2009), Rex1 (Toyooka
et al., 2008), and Stella (Hayashi et al.,
2008) as well as with respect to the
stem cell surface marker Sca-1 in he-
matopoietic progenitor cells (Chang
et al., 2008) and between distinct pheno-
typic states within cancer cell populations
(Gupta et al., 2011), suggesting that
that the underlying stochastic processes
that regulate expression variation are
‘‘ergodic-like.’’ It remains to be seen
how widespread this property is. Howev-
er, it may be important because it con-
nects dynamic variability at the single-
cell level with diversity at the population
level. Indeed, this connection may
be central to functional pluripotency
because it theoretically endows every
individual cell with the latent ability to
reproduce the entire diverse population
through self-renewal divisions.
Statistical Mechanics and
Information Theory
Clearly, not all patterns of mRNA/protein
expression will be equally likely and p(x)
may exhibit rich heterogeneity according
to the various expression patterns present
within the population. But how should
such ‘‘heterogeneity’’ actually be quanti-
fied? For complex multivariate distri-
butions a full description of variation
cannot be captured in a single number;
therefore, it depends on precisely how
‘‘heterogeneity’’ is defined. For example,54, August 1, 2013 ª2013 Elsevier Inc. 485
if heterogeneity is taken to be synony-
mous with variability we might examine
the covariance structure of p(x), while if
heterogeneity is taken to mean ‘‘the num-
ber of qualitatively different subpopula-
tions’’ then we might examine the number
of distinct modes (or ‘‘peaks’’) in p(x) and
so forth. Each such method is useful and
each sheds light on different aspects of
what is meant by ‘‘heterogeneity.’’ A num-
ber of authors have considered such ap-
proaches (Buganim et al., 2012; Guo
et al., 2010; MacArthur et al., 2012). We
suggest that, in addition to such statistical
methods, another measure, the entropy,
may also be useful for assessing vari-
ability in stem cell populations.
Informally, entropy is used in statistical
mechanics and information theory as a
measure of ‘‘disorder’’ or ‘‘uncertainty’’
(Cover and Thomas, 2006; Pathria, 1996).
Formally, the entropy H(q) of a discrete
probabilitymass functionq(x) isdefinedas:
HðqÞ=  k
X
x
qðxÞ log qðxÞ;
where the sum is taken over the entire
state space. In physical applications, k is
Boltzmann’s constant and natural loga-
rithms are used, whereas in information
theory k = 1, and the logarithm is usually
to the base 2 (in which case, entropy is
measured in bits). Clausius introduced
the modern notion of entropy in the mid
19th century to quantify the loss of useful
energy to heat in mechanical engines.
The statistical form given above was
derived by Gibbs in the 1870s and was
argued to be a general measure of uncer-
tainty by Shannon in the 1940s (Cover
and Thomas, 2006; Pathria, 1996). The
connection between entropy and uncer-
tainty is not immediately apparent from
the mathematical definition above but
can be understood using a simple
example. Consider flipping a (possibly
biased) coin, which has probability q of
obtaining a head and probability (1  q)
of obtaining a tail. Applying the above for-
mula (and adopting the information-theo-
retic definition) the entropy of the coin
flip is H =  q log2qð1 qÞ log2ð1 qÞ
bits, which is zero when q = 0 or q = 1
(the coin is completely biased) and rea-
ches its maximum H = 1 bit, when q =
1/2 (the coin is completely fair). In other
words, the entropy increases as the
outcome of the coin flip becomes more486 Cell 154, August 1, 2013 ª2013 Elsevieruncertain. For our purposes, the entropy
H(p) of a cell population is the amount of
uncertainty concerning the molecular
state of a cell drawn at random from the
population. If the population has high
entropy then there is a large amount of
uncertainty concerning the identity of a
randomly selected cell, whereas if the
population has low entropy then there is
less uncertainty. Thus, entropy is a useful
measure of ‘‘variability’’: populations with
low entropy exhibit well-defined patterns
of mRNA/protein expression, whereas
those with high entropy exhibit diverse
patterns of expression.
Entropy is also an extremely useful tool
for analyzing the behavior of stochastic
processes, such as those defined by the
genetic regulatory networks that control
the mRNA and protein expression pat-
terns that ultimately define cell population
heterogeneity (Paulsson, 2004). In clas-
sical statistical mechanics the second
law of thermodynamics states that the
entropy of an isolated system increases
over time toward the maximum entropy
uniform distribution (in which all states
are equally likely). However, for biologi-
cally plausible systems, which interact
with their environment and are likely to
be subject to numerous complex regula-
tory constraints, the second law is not
directly applicable. Rather, subject to
certain reasonable assumptions, a related
quantity known as the relative entropy or
Kullback-Leibler divergence (with respect
to the equilibrium distribution) decreases
with time (Cover and Thomas, 2006;
Gardiner, 2009). For biologically relevant
dynamics, the entropy may not always
increase, and the equilibrium distribution
is not expected to be uniform except
in certain very specific circumstances
(Cover and Thomas, 2006; Gardiner,
2009). Rather, in general, regulatory inter-
actions between genes and proteins
introduce correlations in expression that
reduce uncertainty in expression patterns
and therefore reduce the entropy of the
population at equilibrium. Informally, the
equilibrium distribution maximizes en-
tropy subject to satisfying any imposed
regulatory constraints. This connection
suggests a broad principle: at equilibrium,
cell populations that are subject to
strict regulatory constraints should exhibit
well-defined and low entropy expression
patterns, whereas those that are subjectInc.to weaker regulatory constraints should
exhibit more diverse, higher entropy
expression patterns. Viewing variability
in this light indicates that PSC populations
may be more diverse than differentiated
populations because they are subject to
weaker regulatory constraints.
Statistical Mechanics of
Pluripotency
This reasoning above is in agreement with
recent reports that PSCs have a remark-
ably permissive and dynamic chromatin
structure that is globally enriched for
histone marks indicative of active tran-
scription, such as H3K4me3 (Meshorer
and Misteli, 2006). Although widespread
activation of gene expression is moder-
ated by numerous mechanisms, including
coexpression of repressive marks such
as H3K27me3 (at so-called bivalent
domains) and repression by polycomb
group complex proteins, this globally
hyperdynamic chromatin provides a
uniquely open regulatory environment in
which lineage markers are sporadically
expressed at low levels, allowing PSCs
to remain poised for differentiation while
keeping ‘‘all options open’’ (Efroni et al.,
2008; Gaspar-Maia et al., 2011). Although
this gene expression ‘‘noise’’ is buffered,
for instance by targeting of preinitiation
complexes for proteasomal degradation
(Szutorisz et al., 2006), it may naturally
give rise to variation in expression pat-
terns within the population (Efroni et al.,
2009). However, upon differentiation, this
transcriptionally hyperactive poised state
is gradually lost. Increasingly numerous
regions of heterochromatin form and
chromatin architectural proteins, such as
linker histone H1 and the heterochromatin
component HP1, become more tightly
bound, resulting in less expression noise
and more closely regulated patterns of
gene expression (Efroni et al., 2008).
Taken together, these results suggest
that the characteristically loose regulatory
architecture of PSCs imposes only weak
constraints on mRNA/protein expression,
which in turn naturally results in high-
entropy expression patterns within the
population. However, as differentiation
progresses and chromatin condenses,
expression patterns become more tightly
constrained and population entropy
decreases. Thus, this model predicts
that cell population entropy is positively
Figure 1. Entropy and Developmental Potency
The permissive regulatory architecture of PSCs imposes weak constraints on
mRNA/protein expression, giving rise to high-entropy expression patterns
within the population. As differentiation progresses expression patterns
become more tightly constrained and population entropy decreases.related to developmental po-
tency (see Figure 1).
Conclusions
Here, we have argued that it is
useful to think of pluripotency
as a statistical property,
similar to a macrostate in
statistical physics. In this
view, although individual
PSCs may have the potential
to produce pluripotent popu-
lations through self-renewal
divisions, the pluripotent state
is not well defined at the sin-
gle-cell level. Rather, func-
tional pluripotency emerges
spontaneously from the dy-
namic variability intrinsic to
the pluripotent state. Duringnormal development in vivo, this dynamic
variability is strictly spatiotemporally
regulated (Soriano and Jaenisch, 1986).
However, in vitro these restrictions are
largely released and, dependent upon
culture conditions, the intrinsic variability
in the population becomes apparent.
Intuitively, this view is quite simple: highly
variable expression patterns are equiva-
lent to, and responsible for, the neces-
sarily large number of developmental
‘‘choices’’ characteristic of PSCs. Indeed,
from this perspective, diverse expression
patterns may be the defining property of
PSC populations. In contrast, differenti-
ated cells have defined fates and limited
choices and therefore well-defined, less
diverse, expression patterns.
Despite recent advances in single-cell
profiling, a number of important issues
remain to be addressed. Foremost among
these is the extent to which observed
in vitro expression variability in PSC pop-
ulations reflects genuinely important as-
pects of development rather than the ef-
fects of poorly defined culture conditions
or artifacts due to the use of reporter cell
lines (Marks et al., 2012). Refinement of
PSC culture protocols, development of
procedures to reliably and robustly
assess the developmental potency of
individual cells, and generation of tech-
niques to profile the entire transcrip-
tome/proteome of large numbers of indi-
vidual cells will clarify these issues
(Newman et al., 2006; Schubert, 2011;
Tang et al., 2009; Ying et al., 2008). It will
be particularly interesting to use suchtechnical advances to compare patterns
of variability in different stem populations
in a range of physiologically relevant cul-
ture conditions and thereby determine
the extent to which quantitative mea-
sures of population diversity, such as
the expression entropy, relate to devel-
opmental potency. We anticipate that
the use of high-throughput screening
technologies, such as RNA interference
screens (Boutros and Ahringer, 2008),
for factors that regulate population vari-
ability in different stem cell populations
will also greatly improve our understand-
ing in this area. Similarly, advances
in recently developed techniques that
are able to noninvasively track multi-
dimensional expression changes over
time in large numbers of individual
cells will be particularly important to
dissect the molecular mechanisms, and
ultimate functional significance, of dy-
namic expression variability in single
cells (Schroeder, 2008; Sigal et al.,
2006; Spiller et al., 2010). Such experi-
mental advances will produce large
amounts of complex data. Therefore
concurrent with these experimental de-
velopments, new bioinformatic and
mathematical tools for analyzing and in-
terpreting high-throughput single-cell
expression data will also be required
(Tang et al., 2011). Ultimately, such com-
bined experimental and theoretical de-
velopments will advance our understand-
ing of how the intracellular molecular
circuitry of pluripotency not only controls
the behavior of individual cells but alsoCell 154, August 1regulates variability within
PSC populations.
The notion that the function
of a stem cell population may
be controlled by the interplay
between deterministic and
stochastic mechanisms at
the single-cell level is concor-
dant with the extensive body
of work on the role of stochas-
ticity in regulating hematopoi-
etic stem cell fate decisions
(particularly the pioneering
work of McCulloch, Till and
Siminovitch in the 1960s and
Suda, Ogawa, and coworkers
in the 1980s) and recent ob-
servations of dynamic vari-
ability in cancer cell popula-
tions (Gupta et al., 2011;MacArthur et al., 2009). This suggests
that a statistical view of cell identity and
function may also be appropriate in a
wide variety of different systems (Pelk-
mans, 2012). It remains to be seen if this
is the case. However, a more rigorous
evaluation of population variability and
its underlying causes and consequences,
as well as the development of methods to
dissect and control variability, will be crit-
ical to understand the molecular mecha-
nisms of pluripotency and early develop-
ment. Such an understanding will, in
turn, be necessary to take pluripotent
stem cells from the lab to the clinic.ACKNOWLEDGMENTS
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Note Added in Proof
Since the submission of this manuscript, several
reports have been published which question the
biological significance of previously reported
heterogeneity in Nanog expression. Using single-
molecule mRNA-FISH to quantify transcript
expression in single cells Faddah et al. observed
that coexpression patterns of a range of pluripo-
tency factors, including Nanog, are more uniformlydistributed within embryonic stem cell populations
than has previously been reported using heterozy-
gous loss-of-function knockin reporters. They
attribute previously described heterogeneity to
artifacts associated with reporter disruption of
endogenous gene expression. Because entropy
measures how uniformly expression probability is
spread over the available state space, these new
results are in accordance with the entropic classi-
fication of PSC diversity that we suggest, and
highlight the need to properly quantify, and distin-
guish between, ‘‘diversity’’ and ‘‘heterogeneity’’ of
expression patterns.Cell 1Additional references include the following:
Faddah, D.A., Wang, H., Cheng, A.W., Katz, Y.,
Buganim, Y., Jaenisch, R. (2013). Single-Cell Anal-
ysis Reveals that Expression of Nanog Is Biallelic
and Equally Variable as that of Other Pluripotency
Factors in Mouse ESCs. Cell Stem Cell 13, 23–29.
Filipczyk, A., Gkatzis, K., Fu, J., Hoppe, P.S.,
Lickert, H., Anastassiadis, K., and Schroeder, T.
(2013). Biallelic Expression of Nanog Protein in
Mouse Embryonic Stem Cells. Cell Stem Cell 13,
12–13.
Smith, A. (2013). Nanog Heterogeneity: Tilting at
Windmills? Cell Stem Cell 13, 6–7.54, August 1, 2013 ª2013 Elsevier Inc. 489
